Individuals spend the majority of their time indoors; therefore, estimating infiltration of outdoor-generated fine particulate matter (PM 2.5 ) can help reduce exposure misclassification in epidemiological studies. As indoor measurements in individual homes are not feasible in large epidemiological studies, we evaluated the potential of using readily available data to predict infiltration of ambient PM 2.5 into residences. Indoor and outdoor light scattering measurements were collected for 84 homes in Seattle, Washington, USA, and Victoria, British Columbia, Canada, to estimate residential infiltration efficiencies. Meteorological variables and spatial property assessment data (SPAD), containing detailed housing characteristics for individual residences, were compiled for both study areas using a geographic information system. Multiple linear regression was used to construct models of infiltration based on these data. Heating (October to February) and non-heating (March to September) season accounted for 36% of the yearly variation in detached residential infiltration. Two SPAD housing characteristic variables, low building value, and heating with forced air, predicted 37% of the variation found between detached residential infiltration during the heating season. The final model, incorporating temperature and the two SPAD housing characteristic variables, with a seasonal interaction term, explained 54% of detached residential infiltration. Residences with low building values had higher infiltration efficiencies than other residences, which could lead to greater exposure gradients between low and high socioeconomic status individuals than previously identified using only ambient PM 2.5 concentrations. This modeling approach holds promise for incorporating infiltration efficiencies into large epidemiology studies, thereby reducing exposure misclassification.
Introduction
Most epidemiological studies examining the health effects of fine particulate matter (PM 2.5 ) use ambient (outdoor) concentrations to represent personal exposure to PM 2.5 (Dockery et al., 1993; Schwartz et al., 1993; Pope, 2000) , thereby ignoring potential variations in indoor sources of PM 2.5 and the amount of ambient PM 2.5 infiltrating into indoor environments. Results of epidemiological studies that have separated the ambient and non-ambient portions of PM 2.5 exposures suggest that the ambient component of PM 2.5 contributes most strongly to health effects (Ebelt et al., 2005; Allen et al., 2008) . This study focuses on the amount of ambient PM 2.5 that infiltrates into residences.
Studies examining residential PM 2.5 infiltration (F inf , defined as the fraction of ambient PM 2.5 that penetrates indoors and remains suspended) have found substantial variation both between residences and within residences over time (Allen et al., 2003; Wallace et al., 2003; Meng et al., 2005; Wallace and Williams, 2005; Barn et al., 2007) . As individuals spend, on average, nearly 70% of their time inside their homes (Klepeis et al., 2001 ), failure to consider F inf differences may contribute to exposure misclassification and impact the precision and magnitude of health effect estimates in epidemiological studies.
The importance of F inf as a modifying factor for ambient PM 2.5 exposure assessments has been acknowledged by the research community, and several epidemiological studies have used F inf to derive separate estimates of ambient and non-ambient components of PM 2.5 . Meng et al. (2005) examined F inf and the contributions of ambient PM 2.5 to residential indoor PM 2.5 concentrations. They found that the use of central site PM 2.5 as a surrogate for exposure to PM 2.5 of ambient origin significantly underestimates the distribution of exposures, resulting in larger uncertainties in reported relative risks. Janssen et al. (2002) found that air conditioning use modified the effect of course particulate matter (PM 10 ) on mortality, presumably due to the impact of air conditioning on F inf . Some studies have also compared effect estimates from different cities or seasons in an attempt to identify the toxic components of the PM mixture (Dominici et al., 2003; Peng et al., 2005) ; however, spatial or temporal differences in F inf may be partly responsible for observed differences in concentration-response relationships.
Several studies have used tracer species and recursive models (RMs) to estimate F inf and separate exposure into its ambient and non-ambient component (Wilson et al., 2000; Allen et al., 2003; Strand et al., 2006 Strand et al., , 2007 Wilson and Brauer, 2006) . However, although F inf has now been incorporated in a small number of health panel studies (Ebelt et al., 2005; Koenig et al., 2005; Strand et al., 2006; Allen et al., 2008) , the effort and cost involved in collecting particle concentration data inside and outside homes have prevented large epidemiology studies from incorporating F inf in their exposure assessments.
The ability to model F inf using readily available data would potentially allow for the inclusion of individual estimates of F inf , and hence indoor exposure to ambient PM, into large epidemiological studies. Previous studies have demonstrated correlations between F inf and a number of building, meteorological and behavioral factors; however, such studies do not use data readily available for large populations. Factors found to be related to F inf include housing variables such as age, size, value, square footage, and ventilation conditions (Wallace, 1996; Sherman and Dickerhoff, 1998; Ozkaynak et al., 1999; Ebelt et al., 2000; Sherman and Matson, 2001; Thornburg et al., 2001; McKone et al., 2002; Hanninen et al., 2005; Chan et al., 2005) ; meteorological factors including temperature and exposure to wind and precipitation (Sherman and Dickerhoff, 1998; Chao and Tung, 2001; McKone et al., 2002) ; and occupant behaviors and characteristics, such as occupant income, window opening, and use of air conditioners and air filters (Sherman and Dickerhoff, 1998; Mosley et al., 2001; Janssen et al., 2002; Wallace et al., 2003; Koenig et al., 2005) . A study by Chan et al. (2005) analyzed approximately 70,000 air leakage measurements (a parameter related to F inf ) in the United State to determine predictive housing characteristics and found year of construction, size of dwelling and whether the dwelling was either energy-efficient or occupied by a low-income family to be important predictors of normalized leakage. Air leakage measurements, however, are not available for every residence or region in North America.
For large population studies, a model for residential PM 2.5 F inf must incorporate housing data for individual residences, yet use data that are readily available. This research uses such a data source, namely spatial property assessment data (SPAD), to represent building characteristics that may influence residential PM 2.5 F inf . A detailed description of SPAD and its general application to air pollution exposure assessments can be found in Setton et al. (2005) . Briefly, SPAD is made up of tabular information on individual building and property characteristics and the spatial information showing where each property is located (cadastral data). These data are collected for property tax assessment purposes and are generally widely available in North America.
This paper explores the feasibility of modeling residential PM 2.5 F inf for occupied residences using data readily available for most of North America. F inf estimates for a sample of residential buildings in Victoria, British Columbia, Canada are pooled with previously collected data from Seattle, Washington, USA. Predictive F inf models are developed based on data compiled in a geographic information system (GIS), including meteorological data and individual housing characteristics from SPAD. The research is part of the Border Air Quality Study (BAQS), examining air quality and health issues in Georgia Basin Puget Sound (GBPS) airshed (BAQS, 2007) .
Methods

Study Locations
Data from two similar geographic regions (the cities of Seattle and Victoria) in the GBPS airshed were included in this research. It was hypothesized that the two cities were comparable due to geographic proximity and similar climate conditions and housing characteristics. Due to mild temperatures, the prevalence of air conditioners in both cities is very low. BC Stats (2002) reported that 3.3% of residences have air conditioners in Victoria, and Janssen (2002) reported that 6% of homes in Seattle have air conditioning units. Unfortunately, no data could be found on the prevalence of residential air filters use in the two cities. Seattle monitoring data, collected from 1999 to 2003, were compiled and new residential monitoring was conducted in Victoria during 2006.
Residential Sample
In Victoria, non-smoking households were recruited through email campaigns and newspaper articles. Forty homes were selected in Victoria and were monitored in both the heating (October to February) and non-heating (March to September) seasons. Hereafter, the term ''monitoring event'' will be used to represent the monitoring of a single home during a single 5 or 10-day monitoring session (i.e., one residence monitored twice is considered two monitoring events). In Seattle subjects were recruited by flyers distributed at clinics, senior centers, and retirement homes . Some homes in Seattle were also monitored multiple times, with some homes repeated in the same seasons and others monitored in different seasons. In both cities the housing samples were a purposeful sample of homes and housing characteristics in each region. The Victoria sampling strategy, however, also ensured that a range of housing characteristics were captured in the combined Victoria and Seattle sample. The Victoria sample was stratified by housing type and year built to ensure that the total sample (Seattle and Victoria combined) captured a broad range of housing types and ages. Few newly detached homes (e.g. built after 1990) were monitored in Seattle and the Victoria sample addressed this sample gap. Table 1 summarizes the two samples, highlighting the number of homes and monitoring events in the heating and non-heating seasons and age of residences stratified by detached homes and apartments, condominiums or retirement facilities. These stratifications were chosen as housing type and age of residence may be related to F inf (Sherman and Dickerhoff, 1998; Allen et al., 2003) .
Residential Monitoring
Residential monitoring, analysis, and quality control (QC) measures were analogous for the Victoria and Seattle samples and are described in full in Allen et al. (2003) and Liu et al. (2002) . Briefly, monitoring was conducted with portable integrating nephelometers (Model 903; Radiance Research, Seattle, WA, USA), which measure particle light scattering coefficient (B sp ) with a wavelength-defining optical filter at 530 nm and a variable-rate flashlamp (Liu et al., 2002) . Nephelometers respond to the mass median aerodynamic diameter primarily between 0.1 and 1 mm, with a sharp decrease in light scattering response for diameters 41 mm (Waggoner and Weiss, 1980) . The precision of the nephelometer measurements have been determined previously at 3-8% (Liu et al., 2002) .
Nephelometers were placed concurrently inside and outside each residence for durations of 5 days (Victoria sample) and 5 or 10 days (Seattle sample) with B sp averaged to 1 h for F inf calculations. All monitor inlets were approximately 1 m above the floor indoors and 1.5 m above the ground outdoors. Instruments were placed away from high-intensity light and away from windows, doors, and vents. The indoor nephelometers were placed in the main activity room in each home and the outdoor nephelometers were located at a secure location 2-5 m from the home and were protected within a wooden box. Outdoors, inlet heaters (Radiance Research) were used to reduce the impact of relative humidity on the light scattering to mass relationship by raising sample air temperature to 101C above ambient air. Heated nephelometers effectively adjust the nephelometer measurements closer to gravimetric PM 2.5 , as the ratio of B sp to gravimetric PM 2.5 concentration increases exponentially at high relative humidity values (Sioutas et al., 2000) . Previous data have indicated strong correlations between heated outdoor and non-heated indoor nephelometer B sp and filter-based measurements of PM 2.5 (Liu et al., 2002; Larson et al., 2007) .
Strict protocols were used to ensure against instrument bias. Data QC procedures, as developed and employed for the Seattle study (Allen et al., 2003) , were used for the monitoring data collected in Victoria. Four nephelometers were used in the Victoria portion of the study. Before each monitoring event, the paired nephelometers were collocated indoor for 30 min, with reading set at 1-min resolution, to synchronize times and compare B sp . In addition, each month all four nephelometers were collocated indoors and run for 2 days to ensure proper measurement. If measurement inconsistencies were detected in one or more nephelometers, all four nephelometers were calibrated with clean dry air and Age of residence o1940 6 (3) 6 (4) 12 (7) 3 (1) 0 3 (1) [1940] [1941] [1942] [1943] [1944] [1945] [1946] [1947] [1948] [1949] [1950] [1951] [1952] [1953] [1954] [1955] [1956] [1957] [1958] [1959] 13 (5) 5 (5) 18 (10) 2 0 2 1960-1974 4 (1) 7 (7) 11 (8) 3 (1) 2 (2) 5 (3) [1975] [1976] [1977] [1978] [1979] [1980] [1981] [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] 1 (1) 7 (7) 8 (8) 7 (3) 4 (4) 11 (7) 41990 1 (1) 5 (4) 6 (5) 6 2 (2) 8 (2) Note: brackets indicate the number of homes that were monitored more than once. These are referred to as monitoring ''events'' and are used to develop regression models.
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134-refrigerant gas. After calibration all four monitors were collocated indoor and run for 24 h to ensure proper measurement. These criteria ensured that no biases in F inf were introduced due to different nephelometer measurements.
Once data were collected for each monitoring event the data set was examined using another set of QC criteria that are specific for the F inf calculations. These criteria required that the indoor/outdoor (I/O) data: (1) achieve 50% data collection to ensure that the estimate of F inf was representative of the sampling period and not biased by a short-term deviation from the home's usual infiltration characteristics; (2) have a significant (Po0.05) correlation during periods with limited indoor sources (23:00-6:00); and (3) have a median I/O ratio during non-source periods less than or equal to one. These criteria ensured that all nephelometers were calibrated and operating correctly and that constant indoor sources were not biasing the estimate of F inf .
As a result of the previously described QC criteria, 19 out of a total of 80 monitoring events (24%) in Victoria were removed from analysis, leaving 61 monitoring events suitable for calculating F inf . The number of monitoring events removed from the Victoria data was similar to that of the Seattle data (33% of monitoring events removed; Allen et al., 2003) .
Calculation of Infiltration Factors (F inf )
F inf was calculated using a recursive mass balance model (Allen et al., 2003) , where F inf is a function of penetration efficiency (P, unitless), particle removal rate (k, h
À1
) and air exchange (a, h À1 ). The RM assumes constant air exchange rates and well-mixed indoor air. When applied to light scattering data (Eq. (1)), the RM states that the average indoor b sp during hour t ((b sp ) t in ) is equal to the sum of a fraction of the average outdoor particle scattering coefficient during the same hour ((b sp ) t out ), a fraction of the average indoor particle scattering coefficient remaining from the previous hour ((b sp ) tÀ1 in ), and the scattering contribution from indoor sources (S t in ). The influence of the indoor source term was minimized using a censoring algorithm. The censoring algorithm identified and removed large peaks in the indoor time-series data that did not correspond to outdoor peaks. For full detail see Allen et al. (2003) .
The coefficients a 1 and a 2 were estimated using multiple linear regression of Eq. (1) after removing the influence of indoor sources, and F inf was estimated from a 1 and a 2 using Eq. (2). This process was completed for each monitoring event. For the individual equations describing the fate of outdoor particles once they penetrate indoors, the total particle loss rate, and the decay of indoor particles see Allen et al. (2003) .
The RM approach for estimating PM 2.5 F inf has been shown to reliably predict PM 2.5 F inf based on a comparison with the more commonly used sulphur tracer approach (Allen et al., 2007) .
Development of a GIS for Infiltration Modeling
A GIS was used to combine and format SPAD for Victoria and Seattle. Data for approximately 1.7 million residential parcels were compiled in the GBPS airshed and included in the GIS. Table 2 indicates all variables within the Seattle and Victoria SPAD that were explored for F inf modeling and summarizes these for the Victoria and Seattle residential samples. Additional variables are available in SPAD; however, the variables presented in Table 2 are those with hypothesized relationships to F inf , or variables shown to be related to F inf in previous studies (see ''Introduction'') . Additional variables are also available in some of the Seattle SPAD; however, we included only variables available for both cities. In order to make the SPAD from different countries comparable, improved value (building value) and total value (building and land) for properties in Seattle (USA) and Victoria (Canada) were categorized into city-specific quartiles, with the median improved value of all detached residences in Seattle being $US 145,267 and in Victoria $Can 120,177.
Detailed housing characteristics for individual apartments, condominiums or townhouses were not available through SPAD for the entire study area; therefore, detailed modeling of F inf using specific housing characteristics was conducted for detached residences only (n ¼ 84). In other assessment regions, SPAD may contain detailed housing characteristics for all building types.
Meteorological data (temperature, precipitation, wind speed and direction, and relative humidity) specific to each monitoring event were also acquired from fixed-site monitors operated by the Puget Sound Clean Air Agency (for Seattle residences; PSCAA, 2007) and the school meteorological network (for Victoria residences; Victoria Weather, 2007) . Data from the meteorological monitor nearest to each monitored residence were used. In Seattle, the average distance between the monitored residences and the nearest meteorological station was 9 km. In Victoria, the average distance between monitored residences and a meteorological site was less than 1 km, due to the dense school-based meteorological network.
Modeling Methods
A two-stage approach was used for F inf model development. First, univariate regression was employed to determine the relationships between candidate variables and F inf . Second, a multivariate regression model was developed based on a priori knowledge and variables that were associated (Po0.10) with F inf in the univariate analysis and that were not highly correlated (r40.50) with other independent variables. Wald statistics and goodness of fit tests were used to evaluate different models. S-Plus statistical software was used for all analyses.
Results
Residential Infiltration (F inf ) Sample
As expected, F inf calculated from the Victoria residential sample were very similar to the Seattle sample, as was hypothesized given the similar climate conditions and building characteristics of the two areas. A total of 46 residences and 61 monitoring events were included from Seattle and 38 residences and 61 monitoring events from Victoria. The mean ( ± SD) F inf for all residences was 0.59 ± 0.21 and 0.62 ± 0.22 (P ¼ 0.69, two-sample t-test) in Seattle and Victoria, respectively. For detached residences only, 25 residences and 36 monitoring events were included from Seattle and 28 residences and 48 monitoring events from Victoria. The mean F inf for detached residences in Seattle was 0.60±0.20 and in Victoria was 0.59±0.22 (P ¼ 0.78, two-sample t-test).
No significant differences (analysis of varaince, P ¼ 0.63) existed between yearly F inf and residences classed as apartments or condominiums (mean F inf 0.64), detached residences (0.59) and ''other'' residences (group homes and row housing) (0.55), as shown in Figure 1 . Similarly, no differences between building types were found within heating and non-heating season stratifications.
Due to the lack of data available in SPAD for residences other than detached homes the following results pertain to detached homes only. As a result of the similarity between the Victoria and Seattle samples the data for detached residences were combined and subsequent analyses of F inf are conducted on the combined detached residential sample (n ¼ 84 monitoring events).
Infiltration (F inf ) Modeling Results
Meteorological conditions and season explained a large portion of variability in F inf . Table 3 summarizes the univariate associations between detached residential F inf and meteorological parameters by season. A bivariate heating and non-heating season variable explained 36% of the variability in detached residential F inf , slightly less than the 40% predicted by temperature. Figure 2 illustrates the distribution of yearly and heating and non-heating season F inf for detached residences. The mean F inf for the combined sample during the heating season (0.49 ± 0.15) was significantly lower (P ¼ 0.03) than during the non-heating season (0.72±0.19).
As different variables were expected to predict F inf in the heating and non-heating season, and because the magnitudes of those variables were also expected to vary across season, we stratified the univariate analyses by season. Table 3 shows that a number of housing characteristics were associated with F inf during the heating season, but not in the non-heating season or across the full, non-stratified sample. For example, Figure 3 illustrates the F inf percentiles calculated for residences of each improved value quartile in the heating season. The first and second quartiles were combined into one data category given the small number of residences found in the first quartile. Other potential associations were found between F inf and condition, heating system, square footage, and age.
The strong association between the heating and nonheating season variable and F inf combined with differences in the associations between building characteristics and F inf for the two seasons suggest the need for season-specific F inf models. Season-specific models are also supported by the strong relationship between F inf and air exchange rates, which in turn are seasonal dependent (Janssen et al., 2002; Wallace et al., 2003; Koenig et al., 2005; Strand et al., 2006) .
No SPAD variables were significantly related to F inf during the non-heating season despite significant F inf variation during this season (range: 0.22-1.00). Key determinants in the non-heating season may include air conditioners, which are sparsely used by residents in this study area, window-opening behaviors, and air cleaners, which were previously reported to be significantly associated with F inf in Seattle (Koenig et al., 2005) . Unfortunately, data on these variables were not collected by all property assessment authorities in the study area and therefore the data were not included in the non-heating season-specific model. Other regions where air conditioning is more prevalent may be more likely to include air conditioning in SPAD.
In lieu of a more specific model, the average F inf (0.72 ± 0.19) could be applied to outdoor ambient PM 2.5 data in the study area during the non-heating season. Temperature could also be used to slightly improve the F inf estimates as temperature explained 18% of the variance in F inf during the non-heating season.
Multivariate Infiltration (F inf ) Modeling Results
The meteorological and SPAD variables that were significantly correlated with F inf were included in a multiple regression analysis to develop season-specific F inf models. Multicolinearity is an issue with housing characteristics, as age, condition, square footage, and improved value are all correlated. Prior knowledge was used to select variables to be included in the model along with bivariate regression results and correlations between independent variables. Different variables were explored in the model and resulting Wald and goodness of fit statistics used to examine model performance.
In the heating season the final multiple regression model included improved value and forced hot air (FHA) heat as predictors. Improved value is a good surrogate for all other housing variables and was strongly related to F inf in univariate regression. The resulting heating season F inf model (R 2 ¼ 0.37, Po0.001) is shown in Table 4 . Again, no housing variables were significantly related to F inf in the nonheating season.
The yearly multiple regression model for detached residences, incorporating temperature, improved value, and FHA heating, with a seasonal interaction variable, resulted in an R 2 ¼ 0.54, Po0.001.
Discussion
The new F inf measurements reported here add to the existing literature highlighting the variation of PM 2.5 F inf among residences and within residences over time. The large variation in F inf found in the Victoria and Seattle (range: 0.15-1) supports the need to examine F inf and how F inf variation may affect exposure assessments used in epidemiological studies. A heating and non-heating season stratification was important for explaining the general effects of meteorology on F inf . Other climate regions, however, may have different relationships between season and F inf . For example, Wallace and Williams (2005) found sulphur-based F inf factors in North Carolina were lowest (0.50) in the summer and highest (0.63) in the other seasons. Their findings, showing higher F inf in the colder months, are seasonally opposite to this study's finding, and are likely explained by the fact that windows in North Carolina remain closed more often during the humid and hotter summer months when air conditioning is more likely to be employed. The use of air conditioners has a potentially large influence on residential PM 2.5 F inf , which requires further studies examining F inf in different climate regions. Depending on the taxation authority, SPAD may contain information on presence of air conditioners in residences, which could explain further variations in F inf during the non-heating seasons.
Similar to the heating and non-heating season stratification, meteorological conditions were predictors of F inf , likely because meteorological conditions may be a surrogate for window-opening behavior and may influence the stack effect or modify airflow through gaps in the building shell. Temperature, relative humidity, and precipitation were all significantly related to yearly and seasonal F inf . As meteorological conditions are relatively uniform across an urban area, but vary significantly over time, the importance of meteorology on F inf will depend on the unit of comparison of interest for a specific application.
In the heating season, significant variation in F inf was explained by housing characteristics obtained from SPAD in univariate regression. Older residences had higher F inf factors than newer homes. Large residential square footage was associated with lower F inf . Residences classed as being in poor condition within SPAD also had higher F inf and homes heating with FHA had higher F inf . Low improved value residences were also associated with higher F inf . Homes with these characteristics are therefore less protective than others for mitigating exposure to ambient PM 2.5 . These housing characteristics will create F inf differences between homes and therefore lead to different indoor ambient PM 2.5 levels between residences under the same outdoor PM 2.5 concentrations.
Improved value as a predictor of PM 2.5 F inf has a number of important implications for epidemiological studies, as well as for environmental justice research. The majority of existing research examining socioeconomic status (SES) and air pollution exposure focuses on how lower SES is associated with higher smoking rates (Watson et al., 2003) , greater occupational exposures (Rotko et al., 2000) , and residences located in areas that have higher ambient air pollution (Gunier et al., 2003; O'neill et al., 2003; Jerrett et al., 2004) . This is the first study that has found links between low improved building value, which is likely related to low SES, and increased F inf of ambient PM 2.5 air pollution. In the heating season, detached residences with lower improved value had average F inf factors of 0.56 and higher improved value homes had F inf factors of 0.41, indicating the lower improved value homes had 37% greater F inf . Given the same outdoor pollution concentrations, residents of lower improved value homes in this study area would be expected to receive higher exposures to ambient PM 2.5 inside their homes, a disparity which could be further magnified if homes with lower improved value are systematically located in areas with relatively higher ambient pollution. This combination could lead to exposure misclassification or measurement error for lower SES individuals and produce larger exposure gradients between low and high SES individuals than previously identified solely through the use of outdoor pollution concentrations. This hypothesis needs to be tested. Conversely, in the presence of large indoor sources, higher infiltration factors may reduce indoor concentrations of PM 2.5 and other pollutants through increased indoor-outdoor air exchange.
Heating with FHA was another variable from SPAD that was important for prediction of F inf in the heating season. This may be due to the presence of duct systems and duct filters, which may increase F inf through increasing thermal I/O gradients (Sherman and Chan, 2004) . For example, Sherman and Dickerhoff (1998) reported that duct systems typically account for almost 30% of the total leakage area of the home. Homes that use FHA heating therefore may have higher F inf than homes that use other heating methods, such as electric baseboards. More research however is needed to address heating mechanisms and distribution systems and PM 2.5 F inf .
Potential Uses for Exposure Assessment
The F inf models created in this research can be applied to epidemiological studies to improve predictions of ambient PM 2.5 found indoors. The ideal approach to incorporating F inf would be to link health records with exposure data using residential addresses. A F inf model based on SPAD data, provided by residential addresses, could then be incorporated into the exposure analysis and used to modify outdoor ambient PM 2.5 exposure estimates to represent indoor residential exposure. as the estimated indoor ambient PM 2.5 estimates, assuming an average outdoor PM 2.5 concentration of 15 mg/m 3 during the heating season. As seen in Figure 4 , the F inf model produces significant variability between homes, in this case indoor residential PM 2.5 estimates ranged from a low of 5.4 mg/m 3 to a high of 9.0 mg/m 3 . These indoor residential estimates may better reflect actual exposure levels, as this is where people spend the majority of their time, and therefore improve epidemiological studies of the health effects of air pollution.
The F inf model reported here is specific to the GBPS airshed, due primarily to unique climate conditions; however, the methodologies used to create the F inf model can be transferred to other regions. SPAD is available for most of North America and estimating F inf using nephelometer data is relatively inexpensive. There are also opportunities to use SPAD to model air exchange parameters, which are available in several large databases in Canada and the United States. The effect size of F inf as a modifier of exposure assessments for ambient PM 2.5 may also increase in regions that are colder and therefore have tighter residences and/or regions that have a high prevalence of air conditioner use. In certain regions, SPAD contains information on presence/absence of air conditioners, which could be incorporated into a nonheating season F inf model.
Limitations
There are inherent limitations when using SPAD to represent building characteristics that may affect F inf . First, not all building characteristics of interest are captured in SPAD. For example, in the study area, variables such as presence/ absence of storm windows, air conditioning, building materials, air cleaners, and presence of general heating, ventilation, and air conditioning systems were not available. The second major limitation of SPAD is that property upgrades may not be accurately captured and represented in the data. Assessors regularly update data for taxation purposes but it is unlikely that all upgrades to a property are identified. Moreover, assessors do not necessarily assess all buildings every year. Third, property assessments, notably in the United States, vary between regions (by county), requiring data to be standardized before being integrated. Finally, the application of SPAD to residences other than detached homes is limited in certain regions where data on housing characteristics are available only for detached residences.
Specific study limitations should also be noted. First, the F inf models were developed from a limited number of monitoring events and need to be validated using an independent F inf sample. Second, climate conditions are unique in the GBPS and therefore more research is needed to examine the relationships between meteorology and building characteristics from SPAD and F inf in different climate regions and building stocks.
Conclusion
This research highlights methodology and data sources that can be used to model F inf for individual residences in large populations. The F inf models created in this research estimated PM 2.5 F inf in the Pacific Northwest of North America and can potentially be applied to other regions of the world with similar climate and housing stock. Overall, the F inf models predicted more than half of the variation in PM 2.5 F inf in occupied detached residences using readily available data. SPAD provided very detailed information on housing characteristics that were important predictors of F inf . This modeling approach shows promise for improving exposure assessment in epidemiological studies of PM 2.5 health effects.
